The transferability of the regional climate model REMO with a standard setup over different regions of the world has been evaluated. The study is based on the idea that the modeling parameters and parameterizations in a regional climate model should be robust to adequately simulate the major climatic characteristic of different regions around the globe. If a model is not able to do that, there might be a chance of an "overtuning" to the "home-region", which means that the model physics are tuned in a way that it might cover some more fundamental errors, e.g., in the dynamics. All simulations carried out in this study contribute to the joint effort by the international regional downscaling community called COordinated Regional climate Downscaling EXperiment (CORDEX). REMO has been integrated over six CORDEX domains forced with the so-called perfect boundary conditions obtained from the global reanalysis dataset ERA-Interim for the period 1989 to 2008. These six domains include Africa, Europe, North America, South
Introduction
In order to provide an ensemble of high-resolution, regional climate projections for all major continental regions of the world, the World Climate Research Program (WCRP) has initiated a coordinated effort by the International Regional Downscaling Community to downscale the CMIP5 (Coupled Model Intercomparison Project Phase 5) scenarios. This effort, referred to as CORDEX (COordinated Regional climate Downscaling EXperiment), currently involves more than 20 Regional Climate Model (RCM) groups around the world. The goal is to provide a quality-controlled data set of downscaled information for the recent historical past and 21st century projections, covering the majority of populated land regions around the globe. The coordination of different regional climate simulations for 12 defined domains [1] reinforced by reanalysis data shall provide a benchmark framework for model evaluation and assessment.
In the framework of CORDEX, the regional climate model REMO [2] is applied over Africa (mandatory domain), Europe, North America, South America, West Asia and the Mediterranean region. The aim is to produce an ensemble of regional climate change simulations with REMO over multiple domains driven by different General Circulation Models (GCMs) from the CMIP5 archive, in order to provide the high resolution climate change information for further impact and adaptation studies. However, as a first step, the evaluation of the ability of REMO to capture the climate features of the above-mentioned regions has to be done. Therefore, REMO has been integrated using reanalysis data [3] as boundary forcing to evaluate its performance against observations in present climate.
In an earlier study carried out by Takle et al. [4] the transferability of five RCMs to different domains around the world, keeping identical modeling parameters and parameterization, was tested. It was found that the RCMs perform better in the domain for which they were originally developed and show reduced accuracy in non-native domains. However, in transient climate projections, the major climate characteristics of a region might undergo a significant change. Hence a model setup that is fitted to best reproduce the current climate characteristics of a region might fail in doing so in the future. In retrospect, a model setup that reasonably reproduces well the current climate in the mid-latitudes and also in the subtropical and tropical areas might be superior to any domain specific setup. Therefore, in order to evaluate the transferability of REMO to different domains, the model parameterization such as the convection scheme and boundary layer scheme are not adapted to the specific domains but used the same standard setup for all simulations. Originally, REMO has been developed and tested for Europe [5] .
To estimate if the chosen model setup is transferable to all of the six investigated CORDEX domains, the simulated climate characteristics in each model domain are evaluated against observed data. The mean temperature and precipitation characteristics are analyzed and presented in a global overview. Moreover, the performance of REMO in capturing the annual cycles of precipitation and temperature of selected catchments in each domain is also evaluated against observations. For a consistent evaluation of an RCM across different domains, an evaluation framework needs to be defined. Such a framework will not only give insights into the model performance over the different regions, but will also allow a quantitative comparison between them. From this comparison, conclusions on transferability of the RCM to different domains can be drawn. In the evaluation introduced in the present study, we focus on temperature and precipitation characteristics in different climate types defined by the Köppen-Trewartha climate classification [6] . This allows a good assessment for the regional climate model performance in different regions and in different climate types. The skill of the model is analyzed by precipitation-temperature relationship plots and further quantified by the evaluation of probability density functions (PDF) for each climate type and each region following the PDF skill score method discussed in Perkins et al. [7] .
A brief description of REMO and the experiment design is given in Section 2. This is followed by the evaluation framework for validation of model over different regions (Section 3). The discussions of results are in Section 4 and the final considerations in the current research are presented in Section 5.
Model and Experiment Setup
In this study, the regional climate model REMO is used in its most recent hydrostatic version (REMO 2009) [5, 8] . It was originally developed over Europe using the physical parameterizations of ECHAM 4 [9] and the dynamical core of the former weather prediction model of the German Weather Service (DWD) [10] . An overview of the model specifications is given in Table 1 . Morcrette et al. [14] ,
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Rechid et al. [19] As mentioned earlier, the large-scale forcing of the regional climate model is taken from the global reanalysis data of ERA-Interim [3] at a horizontal resolution of approx. 0.7° × 0.7° and interpolated to all the six model domains in which REMO simulations are performed for the entire time period from 1989 to 2008. The forcing data is prescribed at the lateral boundaries of each domain with an exponential decrease towards the center of the model domain. The main direct influence of the boundary data lies in the eight outer grid boxes using a relaxation scheme according to Davies [20] . A subset of 6 out of 12 CORDEX domains shown in Figure 1 is downscaled in the present study namely Africa, Europe, the Mediterranean region, North America, South America and West Asia. The downscaling is conducted to a horizontal resolution of 0.44° × 0.44° (approx. 50 × 50 km 2 ) using the same model parameterizations in each domain. 
Evaluation Framework
To assess the quality of the REMO simulations over the different domains, the monthly mean temperature and the monthly total precipitation from the CRUv3.0 (referred to CRU hereafter) observational dataset [21] are used. The data is aggregated onto a 0.5° × 0.5° global grid over land areas only and has been analyzed extensively by Brohan et al. [22] . In order to take into account differences in the orography between REMO and CRU, temperature values are height-corrected. It must be noted here that the CRU precipitation data are uncorrected for the precipitation undercatch of measurement gauges, which is especially important in mountainous areas and for snowfall where underestimations of up to 40% may occur [23] .
To group the data of the different domains, the climate type classification after Köppen-Trewartha [6] is utilized. A similar classification approach is applied by Lohmann et al. [24] for the validation of a GCM. This approach is used to identify regions with similar mean climate conditions and also similar predominant climatic features, e.g., convective rain formation in the tropical regions versus advective processes in the temperate zones. For this study, the classification is based on a 30-year monthly time series of global CRU temperature and precipitation data for the period 1901 to 2006. The definition of Köppen-Trewartha climate types and their global distribution according to CRU data are illustrated in Figure 2 . Details on the allocation of the climate types can be found in Trewartha [6] , or in de Castro et al. [25] . For each of the climate types, a mask is generated and is subsequently applied to all the CORDEX domains simulated with REMO in order to group the model data of the different domains for analysis. For domains with a large overlapping area such as in the case of the African and the West Asian domain, only grid points belonging to the respective continent are taken into account. Moreover, all regions attributed to a climate type (according to CRU) that is below an areal fraction of 5% of all land points of the respective domain are excluded from the analysis. This threshold is introduced to only consider climate types that are representative for the respective domain. Based on this data, the correlation of monthly mean precipitation and temperature data are compared between the simulation results and the CRU observations for all climate types and domains from 1989 to 2006. To receive a quantitative measure of the model quality, the skill of the model is additionally evaluated to represent the mean climate characteristics for each climate type and domain. The score is quantified using the empirical probability density functions (PDF) of observed and simulated time series of monthly precipitation and temperature data. The PDF skill score (S score ) follows the methods employed in Perkins et al. [7] and Tapiador et al. [26] . It measures the cumulative minimum probability between the normalized PDFs of observation and model data. S score represents the common area between the two PDF distributions and is defined as:
where n is the number of bins used to calculate the PDF for a given region, and Z m and Z o are the frequency of model values and observed values in a given bin, respectively [7] . This simple method gives a robust comparison of the similarity between the PDF of the model values and the observed values. A perfect score of one indicates that the distribution of the model is exactly the same as the observed distribution. A score less than one indicates that the model is not able to reproduce the distribution of the observations to the full extent. The PDFs are calculated using 0.1 °C and 1 mm/day bin sizes for temperature and precipitation, respectively. The novel idea in using the PDF skill score method is its selection of regions according to the climate classification after Köppen-Trewartha. This setup allows to quantitatively compare the performance of REMO over different climate zones in each domain. In addition to the S score for each climate zone, a weighted mean skill score is calculated across the different domains. The weights are proportional to the number of grid points for each climate type in a particular domain. This means that for each climate zone, the region with a large number of grid points contributes more to the mean skill score. Hence, the calculated skill of the model in representing different climates throughout the globe will substantiate the transferability of REMO.
Evaluation of Model Results

Global Temperature and Precipitation Characteristics
The differences between simulated and observed (CRU) annual mean air temperature (2 m height) over all six domains are shown in Figure 3 (a). Regions where the model is doing relatively well can be found in Europe, western Africa, eastern North America and south eastern South America. In these regions, the temperatures do not deviate more than one degree from observations. Taking into consideration that the annual mean temperature may not reveal all regional or temporal shortcomings, there are only a few regions where the model shows problematic behavior. First, the Amazonian forest area in South America has a considerable warm bias around 2 to 3 °C over a large area. The reasons are not yet fully understood but it may be attributed to insufficient local moisture recycling, especially in the dry season in the boreal summer. Here, it seems that the one-layer soil water storage of REMO does not take into account the buffering effect of water in deeper layers of the soil that may be accessed for transpiration by the vegetation in dry season, as investigated in the study of Kleidon and Heimann [27] . Second, the strong cold bias in the Himalayan region may be a model artifact to some degree, but also the observation data sparseness in that region seems to play a major role in emphasizing this feature. Third, the distinct warm bias north of the Hudson Bay in North America may have two reasons. One reason is the insufficient temperature representation of the Hudson Bay water body and the other may be concerned with an insufficient snow masking in that region. In Figure 3 (a), strong surface warm biases are detected in coastal areas of Baja California (North America), Santiago de Chile up to Ecuador (South America) and the Namib Desert (Africa). In particular, the temperatures alongshore the Benguela Ocean current are far too warm all year round. The common characteristics of these regions are the upwelling of cold water and the subsidence of warm and dry air, driven by the Hadley circulation. This creates a thin inversion layer where stratocumulus clouds are formed. The simulated warm bias could be related to the misrepresentation of stratocumulus clouds and therefore an overestimation of radiation input to the surface as it already has been discussed in Haensler et al. [28] for the southern African region and/or wrong sea surface temperatures from the driving ERA-Interim data set [29, 30] .
In Figure 3 (b), relative annual mean precipitation differences between simulated and observed (CRU) precipitation are shown. A prominent systematic feature is the occurrence of biases above hundred percent in dry regions. These can be related to the standardization method that is applied to the data and to the division by small values resulting in huge percentage differences. Apart from that, a prominent bias is the strong overestimation of rainfall up to 100% in the western mountain chains in the Americas and in the North American Arctic regions. To some degree, the latter error may be connected to the undercatch of the observing stations, which can lead to underestimation of precipitation in the annual observations by up to 40% [23] . Yang et al. [31] show that the correction factors for precipitation can reach monthly values of more than 100% during the winter season at high latitudes. This is the period in which REMO precipitation bias in comparison to CRU is highest (not shown). Regions, where precipitation is underestimated by up to 75%, are located in eastern and northern Africa and on the Arabic Peninsula. The distinct dipole error pattern over India with underestimation of precipitation in the northeast and overestimation over central India can be attributed to insufficiently characterized monsoon features and flow directions. In other regions, the model simulates the precipitation in Europe, eastern North America, eastern South America, western and south-western Africa quite well.
A general systematic inverse correlation of temperature bias to precipitation bias is not directly detected. In some regions such as India and eastern Central Europe, this assumption is true where a wet bias corresponds to a cold bias. In most regions, the picture looks quite non-systematic. For example, a warm bias corresponds to a wet bias in southern Africa and arctic North America. Inversely, a cold bias is associated with a dry bias in North Africa.
As mentioned earlier that to a large extent, the evaluation of the model is hampered by the lack of observational data. An example in this regard is the West Asian's wet bias in REMO for the climate type Dc for the month December-February as given in Table 2 . This region receives considerable amount of precipitation from western disturbances in these months, and it can be seen in Figure 2 that most of this climate type is present in Afghanistan or at very high altitudes over Pakistan. The lack of appropriate observational data in these regions is responsible for this particular bias.
One of the main objectives of the CORDEX experiment is to produce high-resolution regional climate change information as input to climate impact research and adaptation work. Many impact models need such information on river basin scale. Therefore in this study, the annual cycles of precipitation and temperature (2 m height) over the representative river basins for each domain are analysed in REMO. The selection of river basins is done acording to the study by Dai et al. [32] , in which they conducted the trend analysis for world's top 24 rivers [33] from 1948 to 2004. Here we have selected only those river basins that show significant positive or negative trends according to Dai et al. [32] . However, since there is no river basin in the European or Mediterranean domain showing any significant trend, the Danube river basin that is the largest European river basin is selected. In the present study, the masks for different river basins are derived from Hagemann and Duemenil [34] . Figure 4 shows the annual cycles of precipitation and temperature for different river basins of each domain. It is evident from these figures that REMO has simulated the annual cycles of both the variables very well. Considering the fact that according to Köppen-Trewartha ( Figure 2 ) these basins are situated in different climate types with the Congo being typically tropical, Paraná and Ganges being subtropical and Danube and Mississippi mainly having temperate climate, the model's performance appears even more satisfactory. As shown in Figure 4 (a), REMO has captured the dual maxima of precipitation of the Congo basin, which is associated with the annual movement of the Intertropical Convergence Zone (ITCZ). However the simulated seasonality over the Paraná Basin is larger than the corresponding observed seasonal cycle, with higher (less) amounts of precipitation during the rainy (dry) season. Over the west Asian domain, considering it is a "notoriously difficult to predict" nature of South Asian Summer Monsoon [35] , REMO has captured the seasonality between wet and dry season quite well with a small dry and wet bias in monsoon and post monsoon months, respectively. Also for Danube and Mississippi river basins, the model results are very similar to observations with differences lower than 10 mm/month in each month for both basins. For the annual cycle of temperature (Figure 4(b) ), it can be seen that model has captured the strong seasonality in the case of Danube, Mississippi and Ganges, and weak seasonality for the case of Congo and Paraná basins quite well. The maximum difference of around 2 °C occurs in a few months for Paraná and Ganges, however for other basins it remains within 1 °C difference. 
Temperature Precipitation Relationship
The precipitation-temperature relationship plots according to the Köppen-Trewartha climate classification types both for REMO and CRU data are discussed in this subsection. The area for each climate type is defined using Köppen-Trewartha climate classification based on CRU data as shown in Figure 2 . This relationship is calculated for each domain and for each climate type. Figure 5 shows a subset of the results of monthly values for precipitation-temperature regimes in different regions during different seasons. The two climate types shown are the tropical humid climate (Ar, as listed in Figure 2 ) of South America and Africa ( Figure 5(a) ) and the temperate continental climate (Dc) of Europe, Mediterranean, North America and West Asia ( Figure 5(b) ). The seasons are selected relative to the maximum and minimum temperature values at each region.
The clusters of observational and model data explain the intraseasonal variability, and they are quantified by the standard deviation. These values are summarized for all climate types in Table 2 . The clusters' shape, given by the temperature and precipitation spread data, can be seen as a characteristic of the climate type. It varies along the seasons and regions, accordingly. As observed for the Dc climate type, which has similar characteristics with subtropical summer-wet (Cw) climate type, the subarctic continental (Ec) climate type and the tundra/highland climate type (FT) (not shown), the intraseasonal variability of temperature is larger in December, January, February (above 10 °C) than in the June, July, August season (approximately 4 °C). In the case of precipitation, climate types such as Ar (shown in Figure 5(a) ) and the tropical wet-dry (Aw and As) climate type have values between 100 to 360 mm/month during rainy seasons. This variability is larger compared to the dry seasons of Aw, the dry semi-arid (Bs) climate type and the dry arid (Bw) climate type with monthly precipitation values between 10 to 40 mm/month. This is indicated as well by the standard deviation values at Table 2 . The standard deviation from the model data is comparable to the observations for the climate type Dc, with the exception of the North American region. In general, the difference of the standard deviation values between the model and observational data is smaller at the climate types located in the midlatitudes than in the low and high latitudes. Figure 5 also shows the interseasonal differences given by the differences in the precipitation-temperature regimes through the two seasons. This is expressed as two different clusters of data in each panel. The interseasonal differences for each climate type depends on several features at local, mesoscale and synoptic processes scales. In climate types representative of lower latitudes (e.g., Ar), small interseasonal differences for temperature (less than 1 °C) are observed. However, strong interseasonal changes in precipitation are observed where the range is between 60 to 100 mm/month ( Figure 5(a) ). Moving polewards, these interseasonal temperature changes become more noticeable such as in midlatitude climate types (e.g., Dc). Moving further towards the higher latitudes, these interseasonal temperatureprecipitation differences become even larger with greater than 10 °C for temperature and 40 to 200 mm/month for precipitation (figure not shown). The differences on the regimes for the same climate type in different regions are a consequence of the climate type classification adopted in this study.
Köppen and Trewartha classification in comparison to other climate classification such as Köppen and Geiger [36] have established lower threshold values that define the climate types, and therefore bring together separated climate subtypes from Köppen and Geiger classification. The inversion of the warm or cold seasons (for climate types such as Aw, the subtropical humid (Cr) climate type and the temperate oceanic (Do) climate type) is a consequence of the geographical location situated on opposite hemispheres for that climate types.
Biases can be analyzed through the differences on the mean values. Reiterated bias appear on different climate types, high latitudes climate types such as Dc, Ec and FT show larger positive bias on precipitation compared to Ar. It is difficult to find a general attribution to this common bias. Misrepresentation of different processes could lead to the same signal model errors. Part of the bias on extreme climates like FT, could be attributed to the quality of the observation dataset as well. Over those areas, the dataset mainly presents two problems: low density of stations distribution and underestimation in instrument measurements due to the precipitation undercatch as a consequence of large wind speed. Temperatures in general are well represented, only larger biases around 2 °C are observed for tropical climate types (Ar and Aw) types, mainly at the Amazon region in South America. These biases, as explained in the previous section, take place during September, October, November months. At these latitudes, convection processes are very active and therefore the physical part of the model considered more difficult to reproduce than the dynamical part, might contribute to the biases. 
PDF Skill Score
In this section, the results of the PDF skill score method are shown to evaluate the transferability of the model. Altogether there are 30 regions of different climate type and model domains on which the ranking of scores is based. Each skill score is calculated based on the comparison with CRU data in the same subregion. Using the climate classification types allows a quantitative measure of the model's skill unlike previous studies wherein model results are subdivided according to unphysical criteria such as administrative borders or regular boxes [7] .
The continents are subdivided into different regions according to climate types. In regions with the same climate type, the characteristics in precipitation and temperature distributions are alike. For instance, in continental temperate climate (Dc) regions in Europe (Figure 6(a) ), the temperature distribution based on the gridded observational dataset, tends to be bimodal. The maximum probabilities are at around 0 and 20 °C. The observed extreme monthly mean precipitation values can reach up to 700 mm/month. In domains with this climate type (Europe, Mediterranean, West Asia, and North America), the model represents well the bimodality of the temperature distribution and thus has high skill scores (more than 0.9). However the model overestimates the occurrence of high values of monthly mean precipitation. The good representation of the more frequent but lower precipitation rates still leads to a high skill score (more than 0.8). In contrast to the relatively high skill score in the temperate climate region discussed above, relatively low skill scores especially in temperature can be found in regions with the tropical humid climate type (Ar) in Africa and South America (Figure 6(b) ). The observations show a unimodal temperature distribution which peaks at around 25 °C. The distribution of the simulated monthly mean temperature values shows a similar behavior but underestimates their frequency between 24 °C and 28 °C. In addition, the model also simulates higher probabilities for temperature values of more than 27 °C. This can also be seen in Section 4.1, where the warm bias of the model in comparison with CRU data can be observed.
Skill scores for all climate types and all regions are summarized in the table in Figure 6 (c). High skill scores (relative to the whole table) are represented in green, while lower skill scores are represented in red. In general it can be seen that for temperature, skill scores are higher for the more temperate climate types than for the more extreme climate types such as tundra (FT), tropical wet-dry (Aw) and tropical humid (Ar). For precipitation a similar behavior can be observed. High skill scores in precipitation are found in temperate climates except for the temperate oceanic (Do) climate type in South America. In regions with low skill score, the model tends to simulate higher precipitation rates and higher occurrence of these rates compared to CRU data.
The last row and the last column in Figure 6 (c) represent the overall skill of REMO for all domains and climate types, respectively. The skill of the model in each domain is calculated using all monthly precipitation and temperature values disregarding the climate types. In evaluating the skill of the model according to the different climate types, the PDF skill score is calculated using the weighted mean of climate types' scores at different domains. In this figure, the performance of REMO for temperature is best in the European, Mediterranean and North American domain, while it is comparatively low in South America. Precipitation shows highest skill scores for the Mediterranean, African and West Asian regions.
The scores for temperature are high in the midlatitude climate types and the lowest are in the tropical climate types (Ar, Aw). In the case of precipitation, skill scores are lowest for arctic and tundra/highland climate types. The other climate types are simulated well by the model.
Conclusions
The regional climate model REMO has been applied for hindcast simulations over 6 CORDEX regions (Africa, Europe, Mediterranean, North America, South America and West Asia) using the same model parameters and parameterizations for all domains for the years 1989-2008. A new framework has also been introduced which accounts, not only for mean annual climate features and annual cycles of precipitation and temperature, but also considers inter-and intra-seasonal characteristics as well as representing these variables based on probability density functions against observations. A comparison to CRU observational estimates of precipitation and temperature has shown that REMO is able to simulate the mean annual climatic features in all domains quite reasonably. The model has also performed well in capturing the annual cycle of precipitation and temperature over selected catchments out of each domain. Considering the different climatic characteristics of these catchments, the performance of the model looks even more impressive.
From the analysis of precipitation-temperature relationship plots based on the Köppen-Trewartha climate classification [6] , it is found that in general the model is able to catch the inter-and intraseasonal variability for most of the climate classes. Moreover, the model has successfully simulated the small inter-seasonal differences for temperature and precipitation for lower latitudes, which increase further and further while moving towards the higher latitudes. From the PDF skill score method, it is found that REMO is capable of representing the characteristics of the Köppen-Trewartha climate types over the six chosen domains. In this study, the skill scores range from 0.7 to 0.9. These values are not directly comparable with the skill scores derived in Perkins et al. [7] , which range between 0.5 and 0.8. Skill score values in Perkins et al. [7] are based on daily datasets for Australia which are aggregated by different regions instead of monthly data aggregated for different climate types. However, the high skill scores for the case of REMO again speak for the effectiveness of REMO over the simulated regions.
There are, however, some regions in which the simulation results show less accuracy, e.g., in the region of the Ar climate type in South America. During the course of the study, the prominent biases originating from the above-mentioned evaluation strategy have been pointed out and the probable reasons for each of them have been discussed. For some biases, the reason seems to be the non-or misrepresentation of some processes in the model. For example, the systematic warm biases near the coast of major upwelling regions may be attributed to the misrepresentation of the processes of the stratocumulus clouds or to a missing air-sea interaction in the local atmosphere due to the prescribed SST. However, for some other biases, the inability of observations to correctly represent the climate of the regions seems to be the problem. One example is the significant overestimations of precipitation over mountain chains at high altitude which may be attributed to the scarce data availability and the missing undercatch correction in the CRU data.
In contrast to the findings of Takle et al. [4] , the reasonably good performance of the unmodified REMO model in regions representing a large spectrum of climate types, gives confidence in the representation of the meteorological processes in the model under different climatic conditions. This finding is especially important for assessing future climate projections, as climate conditions might also change in the future. Even though REMO seems to perform best over its home domain of Europe, its simulated climate is not significantly worse over the other domains. Thus, the evaluation of the ERA Interim driven simulations has shown that REMO is suited well for climate change simulations over each of the six presented CORDEX regions. These simulations will provide very useful information about the regional climate change characteristics, which then can further be used in regional climate change impact and adaptation studies.
In addition to the domains considered in the present study, further REMO simulations are currently in progress, such as a very high resolution (about 12 km) simulation over Europe and a coupled atmosphere-ocean simulation over the Mediterranean. It is planned to assess the performance of REMO using additional observational datasets, which are more detailed in specific regions. This will also give an estimate of the quality of the global gridded observational CRU dataset in these regions.
